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Preface and Motivation
At the limits of embedding-based image retrieval.
While CLIP-alike systems excel in zero-shot image retrieval, through our experiments, we identified three main pitfalls:

3

Attribute Dominance Counting and Enumeration
Reading text and Symbols

“A man skating in a snowy street” “A plate with meat, rice and vegetables”
“Many people walking by a one-way sign”



Visual Model Checking
What is model checking? 
Model Checking is a group of software analysis techniques tailored to verify how a given a algorithm 
meets the provided specifications in an automated manner.

4Source: Edmund M Clarke, Thomas A Henzinger, and Helmut Veith. “Introduction to model checking”.



Visual Model Checking
What is model checking? 

5Source: Edmund M Clarke, Thomas A Henzinger, and Helmut Veith. “Introduction to model checking”.

 What does the system do? (observation)  What should the system do? (world model)



Agentic, Code-Based Image Analysis Can’t Do Retrieval

ViperGPT: VQA code generation with 1:1 Question-Answer ratio.
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Pix2Code: Needs a closed set of object attributes to be optimized.

VisProg: Question-specific programs, no universal routines.



Agentic, Code-Based Image Analysis Can’t Do Retrieval

Ours: The idea is to generate a visual routine with agnosticity to any image. This routine should be an abstraction for a broad semantical triplet 
which can be evaluated to True or False.
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Visual Model Checking
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“A white car driving and 
two street signs on the 

ground, reading 
Cambridge and Norfolk.”

Query:

P( q )

car

white

ground

signs

two

Cambridge

Norfolk



Visual Model Checking
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P( q )

car

white

ground

signs

two

Cambridge

Norfolk

Visual routines: π 

A car is white Sign reads 
Cambridge

Sign reads Norfolk

Two signs Signs on the ground



Visual Model Checking

10

P( q )
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ground
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Visual routines: π 

A car is white Sign reads 
Cambridge

Sign reads Norfolk

Two signs Signs on the ground

Code execution: Score:

False

False

True

True

False

40%
matching
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P( q )
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Visual routines: π 
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The Elephant in the Room
It is not that inefficient because in a closed vocabulary set-up the number of new 
visual routines drastically decreases over time (half the routines for COCO in only 
50 queries). 
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Evaluation Set-Up
The method is tailored for very specific kinds of high-stakes environments.
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We are interested in query-image pairs which require enumeration, 
closer inspection, reading… …but some COCO captions are generic and unspecific.



Evaluation Set-Up

14

Simple, unspecific captions (top 25% easiest)



Evaluation Set-Up
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Top 25% hardest, containing enumerations and 
fine-grained captions.



Evaluation Set-Up
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Our method performs slightly better on the zero-shot comparison. But fails to keep it up against fine-tuned models



Re-Ranking Results
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However, in the zero-shot scenario, the model is an excellent re-ranker.



Re-Ranking Results
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However, in the zero-shot scenario, the model is an excellent re-ranker.



Qualitative 
Results
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Conclusions

20

Attribute Dominance

Counting and Enumeration

Reading text and Symbols

Because a visual routine is generated 
at the most local level, attribute 

dominance is not a problem anymore.

The model can count step-by-step, 
hence bypassing the spurious 

correlations emerging from the pattern 
recognition capabilities of CLIP.

The model has the capacity to focus on 
small pieces of information and extract the 
text regardless of (A) the resolution or (B) 

the saliency of the object in the image.



Future Work
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- The used LLM is Phi-4 for both graph and code generation, we are certain that with state-of-the-art systems the results would 
drastically improve. Zero prompt engineering was done, maybe the results could improve in this sense; but we wanted to keep 
the contribution more or less model-agnostic.

- The system offers perfect explainability and tracing, while keeping on-par performance on retrieval benchmarks.

- While the system proofs worthy on images analysis with compositionality, counting, arithmetic, reading, etc. Internal tests on 
archival data (containing named entities and factual information) shows the limitation of the method, as off-the-shelf detectors 
and recognition systems do not handle well the identification of named entities in images (buildings, people, institutions…)
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